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Abstract
The Global Financial Crisis of 2008 has left behind it many victims worldwide – both among bankrupt companies 
and indebted people with a grim future ahead. On January 1, 2008, the government of the Czech Republic launched 
a new information system called Insolvency Register of the Czech Republic. Meanwhile, the Czech Insolvency 
Register contains publicly available data concerning more than 100 000 insolvency proceedings. Modern data 
mining methods quite naturally represent an appealing approach to analyze these huge amounts of open source data. 
In this context, especially the techniques of Bayesian networks and social network analysis seem to reveal several 
new socio-economic patterns present in the current Czech society. 
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1. Introduction
On January the 1st, 2008 a new information system called Insolvency Register of the Czech Republic was 
launched by the government of the Czech Republic as part of the Czech Open Data space. Meanwhile, the 
Insolvency Register contains huge amounts of data reflecting the social status of many subjects from the Czech 
society. Based on the collected data (roughly 120 000 of insolvency proceedings so far), it would be very interesting
to estimate the results of ongoing proceedings based, e.g., on the information about the region, creditor or debtor, 
and to analyze the structure of their mutual relationships.  
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According to the new Czech Insolvency Act11, an insolvency proceeding (IP) is commenced by filing an 
insolvency petition to the insolvency court - either by the creditor or the debtor himself. The assigned insolvency 
court issues then legal decisions and supervises the activities of other procedural bodies. The Insolvency Act defines 
three methods of resolution for IPs: bankruptcy order (when receivables of the creditors could be satisfied from the 
liquidated assets of the debtor), restructuring, and discharge. Restructuring is admissible in principal only if the 
debtor is a large company (e.g., with more than 100 employees). The discharge may be performed by liquidation of 
debtor's assets or through a payment calendar. Yet the debtor must be able to repay this way at least 30% of his/her 
debts within 5 years at maximum. Most proceedings resolved with discharge in 2008 thus finished in 2013. 
Afterwards, the data about the debtor shall be deleted from the Insolvency Register.
2. Related works
Based on the Insolvency Act11, every IP is going through a series of states recorded chronologically in the 
Insolvency Register. The state Incorrect Entry does not have any legal consequences and may arise even as an error. 
The initial state of every IP is Unresolved. Before the IP actually starts, the debtor gets the chance to resolve his/her 
debts through the Moratorium state. If the insolvency petition was submitted to an incorrect court (e.g., from a
different region), IP is in the state Unresolved – Advanced. The state Bankruptcy takes place after the insolvency 
court decides that the debtor is insolvent. If the method of resolution is determined earlier, the IP moves directly to 
the decided method of resolution - Bankruptcy Order, Restructuring or Discharge.
An IP becomes Finished after the insolvency court issues a decision ending the IP. In the state Effective, this
decision attains legal effect. Checked Off indicates the removal of the IP from the list of active cases. The state
Revived occurs after the court declares the original decision (in an appeal procedure) invalid and the insolvency 
court must deal with it again. The states Canceled by Supreme Court and Bankruptcy Order after cancellation occur 
for special cases when the IP has to be renegotiated or restored. The entire (cyclic) transition graph is shown in Fig. 
2 (left). The more frequently used transitions are visualized by thicker edges. 
Bayesian networks are on the other hand directed acyclic graphs (DAG) that allow efficient representations of the 
joint probability distribution over a given set of random variables. Each node in the graph represents a random 
variable and each edge represents a direct influence of the outgoing variable on the incoming variable. Each variable 
is conditionally independent of its non-descendants in the graph given the value of all its parents and for each 
variable in the graph, a conditional probability table is given, that describes the probability distribution for that 
variable given the values of its parents. The joint probability for any desired assignment of values (y1, …, yn) to the 
tuple of network variables (Y1, …, Yn) can be computed by the formula
8:
P ( y1, …, yn      Ȇ i P ( yi | Parents ( Yi ) )  ;   0 < i < n + 1,         
(1)
where Parents(Yi) denotes the set of parents of Yi in the graph. If the network structure is given in advance and the 
variables are known from the training examples, learning the conditional probabilities is straightforward. For other 
cases, e.g., when only some of the variable values are observable, the learning problem is more complex.
In modern sociology, the techniques for social network analysis have become very popular3. Social networks are
then represented as a graph where the nodes represent individuals and directed edges the relationships between
them. The goal is usually to identify the most prestigious nodes and their role in such a social network. In the case of 
the directed graphs, the PageRank algorithm and the Hypertext Induced Topic Search method (HITS) are recently 
very popular for this type of analysis7. Both of them consider two types of mutual interconnections. The so-called 
in-links of node i include all those edges that point to node i from other nodes. The so-called out-links of node i
comprise all those edges that go to other nodes from node i.
The PageRank2 algorithm is based on the following idea. The more in-links a node receives from important 
nodes, the more prestige it has. Since a node may be connected to many other nodes, its prestige score should be 
thus shared among all the nodes it goes to. The importance of node i called the PageRank score of i and denoted  by 
P ( i ) is then defined by  P ( L (j,i)אE ( P ( j ) / Oj ), where Oj is the number of out-links of node j. E is the set of 
all directed edges in the original graph. HITS produces even two rankings, namely, the authority rating and the hub 
rating. An authority is a node with many in-links while a hub is a node with many out-links. The key idea of HITS6
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is that authorities and hubs are mutually reinforcing each other. Let the authority score of the node i be a ( i ), and 
the hub score of node i be  h ( i ). The mutual reinforcing relationship of the two scores is then represented as:  
DL (j,i)אE h ( j )  and   KL (i,j)אE a ( j ),                                                                                               (2)
where the set E includes now only the directed edges leading to or from the nodes relevant to the given search query.
In social networks, individuals that share common interests usually tend to be more densely interconnected than 
those who do not4. Subgroups of mutually densely interconnected nodes are called communities. There exist several 
methods applicable to community discovery, among others the Method of Optimal Modularity9 (MOOM). Its main 
idea is that a good division of the network nodes into communities is that one with fewer edges between the 
respective communities than would be expected for a random distribution of edges in the network. The number of 
edges between the nodes within the same group minus the expected number of edges from an equivalent network 
with a random edge distribution will be denoted as modularity. Positive modularity values indicate possible presence 
of a community. Its negative values then stand for the absence of any community. Maximizing the modularity would 
thus yield the communities we are looking for.
3. Data preparation
The Insolvency Register is publicly accessible at http://isir.justice.cz/ and everyone has the right to inspect it. It 
consists of two major parts - the web application and the web service. The web application supports searching
through ongoing IPs and provides their detailed up-to-date information. If the debtor is a natural person, his/her 
name, surname, domicile, birth certificate number (or date of birth) is recorded. If the debtor is a natural person who 
is also an entrepreneur, the place and identification number of his business is contained there as well. If the debtor is 
a legal entity, the list of the debtors includes also his company name, registered office and identification number.
On the retrieved detail page, there appear also the IPs number, the commencement date of the IP, its current state 
and a table containing a list of URLs for downloading the enclosed documents. For about 59% of IPs (mainly after 
October 2011), the table even contains the names of the creditors who submitted the respective application of 
receivables. For the remaining 41% of cases (involving about 270 000 applications of receivables), the only way to 
find out the creditor's name would be to open the file with the application of receivables manually and look it up in 
the scanned document. The crawler we implemented to extract the data from the web application automatically is
able to scrape all insolvency proceedings currently contained in the register within approximately 3 days. 
All the data found on the IP's details page should be also available through the Web Service interface designed 
for automated machine processing purposes. Yet the web service provides also some additional data not provided by 
the web application. This is, e.g., the information about changing states of the IPs or about participants such as the 
involved creditors, debtors or insolvency administrators. For data extraction from the Insolvency Register's web 
service, another scraper was implemented. When obeying the (quite restrictive) 10 minutes limit recommended by 
the administrators of the Insolvency Register for one request, it would take almost 70 days to scrape all the data.
4. Supporting experiments  
Our case study is directed towards efficient analysis of new insolvency data from the Czech Republic. We are in 
particular interested in new information concerning the process of IPs and the structure of mutual relationships 
between the IP´s participants. In particular, we were thus interested in answering the following questions:
1. Can already simple data mining methods reveal any interesting knowledge from the data?  
2. Could the state transition graph help in predicting the IP´s outcome?
3. Is it possible to find groups of nodes with similar relationships among the data groups? 
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Fig. 1. (left) IP rates in the regions of the Czech Republic; (right) unemployment rates in the regions of the Czech Republic.
4.1. Preliminary data analysis
For roughly 83% of the about 120 000 IPs scraped so far, we were able to deduce where the debtor lives. From 
Fig. 1(left) visualizing the number of IPs per 10000 citizens (the darker is the color, the larger is the number in the 
context of the current map), we can see that most IPs (per 10000 citizens) were commenced in northern regions of 
the Czech Republic - Kralovehradecky kraj (166.2) followed by Ustecky kraj (156.1). Kralovehradecky kraj (103.4) 
followed by Ustecky kraj (101.7) are also the regions with the most discharges. A similar map of unemployment 
rates is shown in Fig. 1 (right). The map with IPs clearly corresponds with the unemployment rates in most regions. 
An exception represents Kralovehradecky kraj with a high number of IPs despite of average unemployment rates
and age structure. The most of bankruptcy orders were also commenced in Kralovehradecky kraj (20.0).              
4.2. Analysis of insolvency proceedings´ state transitions
In this section we will examine the state transitions in the IPs. A relatively simple approach applicable for this 
purpose represents the market-basket model10. Yet to benefit from the more expressive paradigm of Bayesian 
networks, we have to simplify the IP diagram (to make the analysis feasible). The simplification will include the 
removal of redundant and rarely used nodes or edges and the replacement of edges forming cycles in the graph (to 
conform with the acyclicity requirement for Bayesian networks). When assuming that the respective cycle allows 
only a finite number of passes, the edge closing the cycle can be removed and new nodes shall be introduced for 
each new pass by duplicating the nodes of the cycle, and connecting them to the nodes from the previous pass. Each 
additional pass should be also made optional, by adding an edge from the end of each pass to the rest of the graph.
In our case, the practically irrelevant nodes correspond to the following ones: Incorrect Entry, Unresolved-
Advanced, Effective, Checked Off, Bankruptcy and Revived. Rarely entered nodes include Canceled by Supreme 
Court, Bankruptcy Order after cancellation, Moratorium and Restructuring. Afterwards, also all the edges entered 
by less than 0.1% of all IPs will be discarded. When removing the cycles, we assume that any IP may enter the same 
state at most 2 times (more occurrences were found for less than 0.2% of all IPs).
The transitions causing the graph to be cyclic are: from Finished to Unresolved, from Finished to Revived and 
from Discharge to Bankruptcy Order and back. When removing the transition from Finished to Unresolved, the
graph will be duplicated and labeled with superscript 2. Next, we connect the original graph with the copied 2-
subgraph by a directed edge from Finished to Unresolved2. This edge represents now the deleted “back-”transition 
from Finished to Unresolved. Finally, we will delete the state Revived2 and use the state Revived in the transition 
from Finished to Revived. The original graph will be again duplicated, yet without the state Unresolved (that is now 
replaced by the state Revived) and labeled with superscript R. For IPs that end in the state Finished, we create a new 
node denoted as End and attached it to the graph by a directed edge going from the state Finished.
Further, we will assume that once the IP moves from state Bankruptcy Order to state Discharge it cannot go back
and vice versa. After removing the transitions from Discharge to Bankruptcy Order and back, two more nodes
connected to Finished will be added to the network - Discharge after Bankruptcy Order and Bankruptcy Order after
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Discharge. Then, the corresponding edge changes will be done in all 3 sub-graphs. The final model applicable to 
99.8% of all IPs is shown in Fig. 2 (right). The adjusted Bayesian model was trained by means of Weka5. In the
graph, the network parameters indicate the transition probability to the neighboring node.
Fig. 2. (left) states of IPs recorded in the Insolvency Register; (right) Bayesian network model for the considered IP transitions.
Several interesting observations can be drawn from Fig. 2. For example, there is a 44% chance that the debtor is 
not considered insolvent and the IP finishes right away. If this happens then there is just a small probability (5%) 
that the IP starts over either by moving to state Unresolved2 or Revived. For both the creditors and the debtors who 
are natural persons, the most acceptable solution of an IP seems to be discharge (47%). On the other hand, 41% of 
the discharges finished so far were not successful and the creditors demanded resolution by bankruptcy order 
afterwards (the probability of moving from Discharge to Bankruptcy Order corresponds to 41%). 
4.3. Social network analysis
The debtors, creditors and insolvency administrators quite naturally form a social network. Anyway, when 
exploring the structure of this network, we made the following restrictions: we considered only the IPs from Ustecky 
kraj resolved by discharge. In total, the analyzed social network comprised almost 6000 nodes of 3 types (debtors, 
creditors and administrators). Further, the network contained a directed edge from the node d to c, if debtor d owes 
to creditor c. Similarly, there was a directed edge from the node a to d, if a administers the IP of d. Finally, the graph 
included bidirectional edges between all the debtors sharing the same address, e.g., relatives.
To visualize and explore this social network, we used the tool Gephi1. By means of the MOOM algorithm, four
large communities were discovered (colored green, light blue, navy and purple - see Fig. 3). The resolution 
parameter controlling the granularity of the partitioning was experimentally set to 1.1. Each of the found 
communities contains all three types of nodes, debtors, creditors and administrators. The largest is the green 
community, that contains mainly large financial institutions like the 3 most frequently involved creditors - GE 
Money Bank a.s., Cetelem CR a.s. and Ceska sporitelna, a.s. that often participate in the same IPs. The second, light 
blue, community contains many less frequent creditors like Telefonica CR a.s. and T-Mobile CR a.s.
The last two communities comprise in particular the creditors sharing the same address but may include also 
larger creditors like Home Credit a.s. (that they tend to share, too). Two largest clusters (SA1, SA2) from these 
communities are highlighted on top of Fig. 3. The debtors from these clusters do not seem to be related (no identical 
last names), yet some of the shared addresses belong to the town councils in Chomutov, Most, Usti nad Labem and 
other cities. Probably, these debtors lost their homes and were assigned a new domicile by their local town-council. 
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Fig. 3. Communities discovered in the region Ustecky kraj by the MOOM method.
4. Conclusions
This case study proved the applicability of modern data mining methods to big data scraped from the Insolvency 
Register. Even with relatively simple methods, we succeeded in understanding the role of various additional data 
features (ranging from demographic information to the knowledge of the performed state transitions) in the analysis 
of IPs. For example, the probability of resolving the insolvency by means of discharge is in the region 
Moravskoslezsky kraj 85% while in the region Jihomoravsky kraj it is only 52%. In the area of state transition 
analysis, our goal was to estimate the probabilities of the IPs moving to next states by means of Bayesian networks. 
Their analysis has revealed that the probability of the discharge method of IPs' resolution is the largest among the 
debtors who are natural persons. Within the framework of social network analysis, we succeeded in finding two 
large yet distinct groups of IP participants with different characteristics. Surprisingly, the most debtors sharing the 
same address are not relatives but rather people who obtained their new domicile by the town-council. 
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